I. INTRODUCTION
In 711 a contingent of Muslims led by Tariq Ibn Ziyad crossed North Africa via Gibraltar to the Iberian peninsula. In a few years, Muslims ruled nearly all Iberia or modern day Spain and Portugal. Muslims stayed in Iberia from 711 till their expulsion in 1600s. Over more than eight centuries, Arabic became the language of culture and administration (Plann, 2009 ). Some authors argue that the greatest Arabic influence of Arabic on Spanish language is lexical, where around 8% of Spanish vocabulary may be traced to Arabic origin (Quintana & Mora, 2002) . This includes probably thousands of modern geographic locations that still hold Arabic toponyms dating back to the Moors. Figure 1 shows only 17 of such toponyms in Spain. In fact, it is quite common to find places that contain the word "Guada-", meaning "river/valley" in Arabic. Examples include "Guadalajara" or "wadi al-hijarah/valley of stones", "Guadalaviar" or "wadi al-abyad/white valley" and "Guadalcazar" or "wadi al-qasr/valley of castle." (Please refer to Appendix for more details). Social media users represent are estimated to represent around 67 percent of the billion Internet active users (Eirinaki, Pisal & Singh, 2012) . Thus, social networks play a major role in shaping public opinion's attitudes in areas as diverse as voting, buying products and stock markets prediction (Bai, 2011; Eirinaki, Pisal & Singh, 2012 ). Kim and Hovy (2004) define an opinion "as a statement in which the opinion holder makes a specific claim about a topic using a certain sentiment.". Online opinions expressed in social networks have been exploited in mining individuals' sentiments through text filtering and mining (Zhang, Zeng, Li, Wang & Zuo, 2009). Social networks' opinions are generally analyzed through natural language processing (NLP) sentiment analysis techniques. Sentiment analysis is also known as opinion mining, review mining, emotional polarity analysis (EPA), or appraisal extraction (Zagal, Tomuro & Shepitsen, 2012) . Sentiment analysis can thus be regarded as a method to extract knowledge in order to find hidden patterns in an unstructured text or opinion expressed on blogs or tweets. In order to measure a sentiment score, the text's sentiment is usually compared to a lexicon/dictionary. This comparison determines the strength of the sentiment.
In fact, social network and online digital data created are expected to reach four zettabytes by the end of 2020 (Paper, Ugray & Johnson, 2014). It should be noted also that knowledge discovered through social networks are extremely useful since huge numbers of opinions expressed regarding certain topics are highly unlikely to be biased. This is probably why "social media applications, such as Facebook and Twitter, are increasingly being used by both large and small companies to gain business benefits" (He & Chen, 2014, p. 92) . In a similar vein, Parise (2009, p. 2) argues that "social media tools will have a major impact on knowledge management". However, almost all online communications are noisy and as such pose considerable lexical and syntactic problems (Boiy & In this study we aim to fill this research gap. We believe that by investigating such words polarity we add depth to the knowledge base on sentiment analysis and text mining. Through the use of both qualitative and quantitative methodologies, we also add breadth to the debate over Islamic-related words sentiment. Finally, by investigating solely Twitter texts, rather than traditional offline data, this research enriches the knowledge base of an under-represented area.
This paper is organized as follows. Next section provides a brief account of related work of major areas of sentiment analysis applications. Section three deals with the research method used to conduct the analysis. In this section issues related to research design, sampling and data analysis techniques are presented. In Section four the results of sentiment analysis are presented. Finally, Section five presents research implications, limitations and explores avenues for future research. (Mohammad, 2012) , classifying consumers' positive and negative product reviews (Turney, 2002) , detecting Internet hot spots (e.g., Li & Wu, 2010) , and predicting stock market movements (Wong, Xia, Xu, Wu & Li, 2008) . In this section we review the major five distinct sentiment analysis categories, namely political orientation analysis, consumers' product reviews, movie reviews, stock market predictions and patients' mood detection.
Several 4586 out of 45860 tweets generated. All retweets and duplicated tweets were eliminated. Sample selection has been varied by day of the week and hours in the day in order to guarantee representativeness. The sample is comparable in size to similar research studies. For example, Qiu, He, Zhang, Shi, Bu, and Chen (2010) used a sample of 3783 opinion sentences. b. Lexicon Miao, Li, and Zeng (2010) argued that there are generally two widely used methods for sentiment orientation. The first one is known in the text mining community as the lexicon-based approach, while the second one is known as the corpus-based method. However, it should be noted that only few authors have used the corpus-based method in analyzing sentiment orientation. Both methods require either a pre-defined dictionary or a corpus of subjective words. In either method, the sentiment score is determined via a comparison between the sentence presented and an expertdefined entry in the dictionary. Several lexicons have been used in the literature such as the General Inquirer ( 
IV. RESULTS
Several libraries/software packages such as the twitteR, the maps, the plyr, the stringr and the ggplot2 libraries within the R version 3.3 environment were used to conduct the quantitative sentiment score. Figure 2 shows the distribution of positive sentiment scores obtained, while Figure 3 shows the distribution of negative sentiment scores. From the graphs, we recognize some asymmetry. For example, some words have high bars at the left end (positively skewed), while others show negative skeweness as measured by high tail on the left-hand side of the histogram. The visualization of the sentiment distribution in Figures 2 and 3 further underlines the fact that most words fall on the neutral point (0) or within the band of circa -1/+1. This result is in line with Lindgren (2012) , who argued that the focus of sentiment analysis should be on either the positive or negative sentiments. Table 1 presents the division of random sample of tweets among each word used in the analysis. Following similar research only Spanish tweets were used to avoid text analysis complications (Thelwall, Buckley & Paltoglou, 2011) . From Table 1 we see that most words have a positive sentiment score with the exception of four words (Islam Wahabita, Islamizació n, Islamismo, and Islamofobia. The overall mean score for the twenty Spanish words of Arabic etymology related to Islamic terminology was 0.2331. In this paper we analyzed sentiment polarity of more than 4500 social media tweets expressing sentiments towards twenty Spanish words of Arabic etymology related to Islamic terminology. Although any tweet is limited to 140 characters, millions of tweets posted on Twitter almost on a daily basis. Such tweets might provide an unbiased representation of individuals' sentiment towards a specific topic. Moreover, such tweets may be used by policy makers to gauge opinions regarding a specific issue. Ignoring such sentiments might put policy makers on the defensive and could also create significant image problems. The speed of social media might also render politicians efforts based on traditional media useless. However, it should be noted that while we conducted sentiment analysis to objectively classify individuals' opinions towards twenty Spanish words of Arabic etymology related to Islamic terminology, our analysis does not reveal the underlying reasons behind forming such opinions. Thus, future research might use topic recognition techniques in order to determine the most representative topics behind each sentiment, which allows us to gain comprehensive knowledge regarding the underlying causes of positive or negative sentiments. Although he lexicon-based approach we used in this study can detect basic sentiments, it sometimes fails to recognize subtle forms of linguistic expressions (Boiy and Moens, 2009 ). Finally, individuals' opinions might in fact be a manipulation of some online opinion makers posing as real individuals. This might distort sentiments of real individuals. Thus, future research should attempt to distinguish genuine sentiments from fake opinions.
APPENDIX. R CODES USED TO PRODUCE THE MAP IN FIGURE 1 require(maptools) require(raster) require(maps) data(world.cities) adm = getData("GADM", country= "Spain", level = 2) mar = adm[adm$NAME_0 == "Spain" & adm$NAME_1 !="Islas Canarias",] mar$coso = rep(1, length(mar$NAME_2)) plot(mar, bg = "grey80", axes= T) plot(mar, lwd = 10, border= "cornsilk", add= T) plot(mar, col= c("bisque","red")[mar$coso], add=T) grid() box() Ciudades = world.cities[ world.cities$country.etc == "Spain" & (world.cities$pop > 20000),] Ciudades points(x= Ciudades$long, y= Ciudades$lat, cex = 5 * (Ciudades$pop/max(Ciudades$pop)), pch = 19, col = "indianred2" ) Ciudades2 = Ciudades[ Ciudades$name %in% c("Guadalajara", "Albacete", "Almeria", "Granada", "Madrid", "Malaga","Murcia", "Algeciras", "Sevilla", "Valladolid", "Calatayud", "Zaragoza", "Benalmadena", "Cadiz", "Cordoba", "Jaen", "Medina del Campo") , ]
Text (Ciudades2$long, Ciudades2$lat + 0.6* (Ciudades2$pop/max (Ciudades2$pop)), Ciudades2$name, cex = 0.8)
